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Digital Elevation Model (DEM) is one of the important parameters for soil erosion assessment. Notable
uncertainties are observed in this study while using three high resolution open source DEMs. The
Revised Universal Soil Loss Equation (RUSLE) model has been applied to analysis the assessment of soil
erosion uncertainty using open source DEMs (SRTM, ASTER and CARTOSAT) and their increasing grid
space (pixel size) from the actual. The study area is a part of the Narmada river basin in Madhya Pradesh
state, which is located in the central part of India and the area covered 20,558 km2. The actual resolution
of DEMs is 30 m and their increasing grid spaces are taken as 90, 150, 210, 270 and 330 m for this study.
Vertical accuracy of DEMs has been assessed using actual heights of the sample points that have been
taken considering planimetric survey based map (toposheet). Elevations of DEMs are converted to the
same vertical datum from WGS 84 to MSL (Mean Sea Level), before the accuracy assessment and
modelling. Results indicate that the accuracy of the SRTM DEMwith the RMSE of 13.31, 14.51, and 18.19 m
in 30, 150 and 330 m resolution respectively, is better than the ASTER and the CARTOSAT DEMs. When
the grid space of the DEMs increases, the accuracy of the elevation and calculated soil erosion decreases.
This study presents a potential uncertainty introduced by open source high resolution DEMs in the
accuracy of the soil erosion assessment models. The research provides an analysis of errors in selecting
DEMs using the original and increased grid space for soil erosion modelling.
 2016, China University of Geosciences (Beijing) and Peking University. Production and hosting by
Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).1. Introduction
Soil erosion is one of the major environmental hazards which
leads to the loss of fertility and reduced agricultural production and
creates problems in the ecosystem worldwide. Erosion is very high
in Asia, Africa and South America and the rate of erosion varies from
30 to 40 t ha1 yr1 (Barrow, 1991). In India, the rate of soil erosion
is about 16.40 t ha1 yr1 (Narayana and Babu, 1983). Soil erosion
estimation of a study area has limitations if done only by ﬁeld based
studies because of the complexity of the earth surface that governs
the soil erosion process (Saha and Pande, 1993). Geoinformaticsof Geosciences (Beijing).
eijing) and Peking University. Produ
c-nd/4.0/).
A., et al., Uncertainty of soil e
x.doi.org/10.1016/j.gsf.2016.03tools can assess the erosion process considering complex earth
surface in spatial aspect. Rate of soil erosion varies because of
changes in elevation, soil type, land use/land cover, rainfall, etc.
(Mallick et al., 2014).
Digital Elevation Model (DEM) is a continuous surface of the
elevation from which terrain attributes (slope, aspect, curvature,
topographic index, drainage area and network) are extracted
(Mukherjee et al., 2013a). It is one of the important parameters for
estimating soil erosion. DEM is generated by different techniques,
such as, photogrammetric method (Hohle, 2009), interferometry
(Kervyn, 2001), airborne laser scanning (Favey et al., 2003), aerial
stereo photograph (Schenk, 1996), topographic surveys (Wilson
and Gallant, 2000). DEM involves different types of errors and ac-
curacy with varying terrain conditions. Accuracy of DEM can be
inﬂuenced by the accuracy of the soil erosion modelling outputs.
Few studies related to the accuracy of the DEM with different gridction and hosting by Elsevier B.V. This is an open access article under the CC BY-NC-
rosion modelling using open source high resolution and aggregated
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A. Mondal et al. / Geoscience Frontiers xxx (2016) 1e122space (original or increased) are observed in the works of Chaplot
(2005) and Mukherjee et al. (2013a, b).
Identiﬁcation of soil erosion status has been studied by many
researchers (Alice and Christian, 2003; Fu et al., 2005; Xu et al.,
2007; Dabral et al., 2008; Feng et al., 2010; Chen et al., 2011;
Hasan et al., 2013; Pan and Wen, 2014) using geoinformatics
techniques in spatial domain. The higher rate of erosion was
observed in some studies in Indian condition (Jain et al., 2001;
Pandey et al., 2007; Dabral et al., 2008; Prasannakumar et al.,Figure 1. Study area map showing the distribution of selected location of actual elevation fro
India.
Please cite this article in press as: Mondal, A., et al., Uncertainty of soil e
DEMs, Geoscience Frontiers (2016), http://dx.doi.org/10.1016/j.gsf.2016.02012). For the improvement of the accuracy level for estimation
of soil erosion, DEMs with higher accuracy are used by Lin et al.
(2013), Prasuhn et al. (2013) and Quiquerez et al. (2014).
Somewell known establishedmodels for estimating soil erosion
are MMF (Morgan Morgan Finney) by Jain et al. (2001), USLE
(Universal Soil Loss Equation) by Pandey et al. (2007), Mondal et al.
(2014), MUSLE (Modiﬁed Universal Soil Loss Equation) by Lin et al.
(2013), RUSLE (Revised Universal Soil Loss Equation) by Mallick
et al. (2014). The RUSLE model is more efﬁcient, robust andmMean Sea Level (MSL) over digital elevation model (DEM) of ASTER in central part of
rosion modelling using open source high resolution and aggregated
3.004
Table 1
Used data and their details.
Sl. no. Extracted
parameters
Data Year Vintage
resolution
Sources
1 Soil type Soil map 1999 1:250,000 National Bureau of Soil Survey and Land
Use Planning (NBSS & LUP), India
2 Land use and NDVI LISS-III images 2011 (Seasonal) 30 m National Remote Sensing Centre, India
3 Validation Sediment load 2009 NA Central Water Commission (CWC), India
4 LS and slope DEM types
(1) SRTM (1) 2015 (1) 30 m (1) http://earthexplorer.usgs.gov/
(2) CARTOSAT (2) 2014 (2) 30 m (2) http://bhuvan.nrsc.gov.in/bhuvan_links.php
(3) Aster (3) 2011 (3) 30 m (3) http://earthexplorer.usgs.gov/
5 Rainfall Daily rainfall 2009 NA Indian Meteorological Department (IMD)
6 Elevation Toposheet 1977 1:50,000 Survey of India (SOI)
A. Mondal et al. / Geoscience Frontiers xxx (2016) 1e12 3simple, but the user should be concerned about proper extrapola-
tion, spatial scale effects and the complexity of the erosion process
(Li et al., 2011). Liu et al. (2011) showed the change effects of the
LiDAR grid space on the uncertainty of soil erosion by USLE model,
and Lin et al. (2013) used two DEMs (ASTER in 30 m and SRTM in
90 m) to estimate the uncertainty of soil erosion by MUSLE model.
Mondal et al. (2016) presented the uncertainty of soil erosion by
RUSLE model using original resolution of open source of DEMs
(GTOPO30, SRTM, ASTER and CARTOSAT DEM). However, all the
aboved studies showed that there is a lack of work in the ﬁeld of
uncertainty analysis of different DEMswith original and aggregated
resolutions and their impact on the RUSLE soil erosion modelling.
Use of different types of open source DEMs (SRTM, ASTER and
CARTOSAT) with the original resolution (30 m) and aggregated
resolution has a scope to identify the uncertainty of soil erosion
modelling by RUSLE model, considering the changes in relation to
the elevation accuracy. The results show signiﬁcant variation in the
rate of soil erosion only by using different DEMs of the same res-
olution and then by aggregating the resolution of all DEMs.
The objective of this study is to assess the impacts of different
resolutions (original and aggregated grid space) of open source
DEMs (SRTM, ASTER and CARTOSAT) on soil erosion by Revised
Universal Soil Loss Equation (RUSLE) model. Some actual elevation
points are used to compare with different types of DEMs to check
the accuracy after converting height data to the same datum. DEMs
with various grid spaces are used to estimate different soil erosion
rates and amounts, and are compared with the observed sediment
yield data of the study area.2. Study area
A part of the Narmada River basin is taken as the study area,
which is situated in the districts of Harda, Dewas, East Nimar
(Khandwa) and West Nimar (Khargone) in Madhya Pradesh ofFigure 2. SRTM, ASTER and CARTOSAT D
Please cite this article in press as: Mondal, A., et al., Uncertainty of soil e
DEMs, Geoscience Frontiers (2016), http://dx.doi.org/10.1016/j.gsf.2016.03central India. The area is geographically located between
212307.700N to 225500800N and 752100700E to 772101700E and
covers 20,558 km2 of area (Fig. 1). The subtropical climate of the
study area is characterized by hot and dry summer season
(MarcheMay), monsoonal rains (JuneeOctober), and cool dry
winter months (NovembereFebruary). Mean annual rainfall is
about 1370 mm, which is spatially decreasing from east to west
(Mondal et al., 2014). Main river is located at the middle part of the
study area ﬂowing from east to west. The higher elevated area is
situated in the northern and southern boundary. Elevation ranges
from 108 to 982 m and the mean value is 328.66 m. The areal
distribution of the less than 2 slopes is 48.39%, 2 to 5 is 36.07%, 6
to 10 is 10.38% and more than 10 slope cover about 5.18% (Aster
DEM).3. Data and methodology
Details of various data used in the soil erosion modelling, are
given in the Table 1. The SRTMDEM is recently published with 30m
grid space which is prepared by the interferometry method. The
ASTER and CARTOSAT are taken from the recently published data
(ASTER v002 and CARTOSAT v3R1), which are prepared using
stereo-pairs of satellite imagery. DEMs with drainage maps are
shown in a part of the study area, which indicate a similar pattern
of distribution of drainages and less variation among them (Fig. 2).
Linear Imaging Self Scanning Sensor (LISS-III) is geometrically
corrected with reference to the toposheet. DEMs and soil map are
corrected using toposheet and LISS-III imageries. All spatial maps
are transferred into the same projection and the datum type is
given as the UTM (Universal Transverse Mercator) projection zone
45 North and WGS 84 (World Geodetic System 1984). The EGM96
surface is a vertical datum, which is very close to the local datum of
MSL (Mean Sea Level) for India (Sun et al., 2003; Mukherjee et al.,
2013b). Vertical datum of all DEMs is converted into EGM96 forEM map in part of the study area.
rosion modelling using open source high resolution and aggregated
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(MSL datum) (http://earth-info.nga.mil/GandG/wgs84/gravitymod/
egm96/intpt.html).
Actual heights of the locations are identiﬁed from the toposheet
and are compared with the corresponding DEMs’ heights (different
grid space) to analyse the change pattern of the elevations with
accuracy. The soil erosion rate is estimated by the RUSLE model
using cover management factor (C), soil erodibility factor (K),
rainfall erosivity factor (R), topographic factor (LS) and conserva-
tion supporting practice (P). Various LS factors are calculated using
various grid spaces of DEMs to evaluate the change in the soil
erosion rate with accuracy (Fig. 3). Three DEMs are aggregated into
different grid spaces. The grid spaces are considered to be of six
types (30  1 ¼ 30 m, 30  3 ¼ 90 m, 30  5 ¼ 150 m,
30  7 ¼ 210 m, 30  9 ¼ 270 m and 30  11 ¼ 330 m) shown in
Fig. 4. The point sediment yield data of 2009 is used here controlled
by CWC (Central Water Commission) under the Govt. of India.
Frequency of data is daily time interval.
3.1. Soil erosion
3.1.1. Revised Universal Soil Loss Equation
The soil erosionmodelling by RUSLE (Revised Universal Soil Loss
Equation) is a modiﬁed form of the USLE (Renard et al., 1991).
RUSLE is expressed as
A ¼ R  K LS C P (1)
where, A is the annual rate of soil loss (t ha1 yr1), R is the rainfall
erosivity (MJ mm ha1 h1 yr1), K is the soil erodibility
(t ha h ha1 MJ1 mm1), LS is the topographic factor stated as
slope length and steepness, C is the factor for crop management
and P stands for conservation supporting practice.
3.1.2. Rainfall erosivity factor (R)
Due to lack of hourly intensity data, monthly and annual rainfall
data are used to calculate the R-factor using the following equation
by Wischmeier and Smith (1978):Figure 3. Methodology for uncertainty of soil erosion assessment using three DEMs (SRTM,
270 and 330 m).
Please cite this article in press as: Mondal, A., et al., Uncertainty of soil e
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X12
i¼1
1:735 101:5log10ðP2i =PÞ0:08188 (2)
where, R is the rainfall erosivity factor (MJ mm ha1 h1 yr1), Pi is
the monthly rainfall (mm), P is the annual rainfall (mm).
In Indian condition, this model has been used by Dabral et al.
(2008) and Pandey et al. (2009) in northeastern India and Hima-
layan watershed respectively.
3.1.3. Soil erodibility factor (K)
The K-factor is calculated using the following equation
(Wischmeier and Smith, 1978; Adhikary et al., 2014):
K ¼ 1
759
n
2:1 104 M1:14ð12 aÞ þ 3:25ðb 2Þ
þ 2:5ðc 3Þ
o
(3)
where, K is soil erodibility factor (t ha h ha1 MJ1 mm1), M is the
particle size parameter (% siltþ % very ﬁne sand) (100 % clay), a
is the organic matter content (%), b is the soil structure code, c is the
soil permeability class. The data is taken from the soil series book of
Madhya Pradesh state (NBSS, 1996, 1999).
3.1.4. Topographic factor (LS)
The L factor is calculated by the following equation (McCool
et al., 1987):
L ¼

l
22:1
m
(4)
where, L is the slope length factor, l is the ﬁeld slope length (m),
and m is the dimensionless exponent depending on the slope
steepness, which is 0.5 for slopes exceeding 5%, 0.4 for 4% slopes
and 0.3 for less than 3% slopes. The slope steepness factor (S) is
computed on the basis of a relationship for the slope length, which
is longer than 4 m. The following equations are given for S (McCool
et al., 1987):ASTER and CARTOSAT) with their actual (30 m) and aggregated grid space (90, 150, 210,
rosion modelling using open source high resolution and aggregated
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Figure 4. Grid space change with value, (a) original 30 m, (b) 90 m (3 grid  3 grid), (c) 150 m (5 grid  5 grid), (d) 210 m (7 grid  7 grid), (e) 270 m (9 grid  9 grid) and (f) 330 m
(11 grid  11 grid).
A. Mondal et al. / Geoscience Frontiers xxx (2016) 1e12 5S ¼ 10:8 sinqþ 0:03; S < 9% (5)
S ¼ 16:8 sinq 0:05; S  9% (6)
where, S gives the slope steepness factor and q denotes the slope
angle in degree. The slope steepness factor is considered as
dimensionless. The spatial distribution of the topographic factor
ranges from 0.03 to 16.43 within the basin area.
3.1.5. Cover management factor (C)
The C value is mainly dependent on the surface cover, vegetation
canopy (crop), surface roughness and soil moisture. C is estimated
by the NDVI (Normalized Difference Vegetation Index) (Van der
Knijff et al., 1999). Van der Knijff et al. (1999) suggested for a ¼ 1
and b ¼ 2.
C ¼ exp

 a NDVI
b NDVI

(7)
The crop management factor is related to the land use or land
cover type of the study area. The C or crop management factor is
calculated from the NDVI, derived from the LISS-III images. The
value of the conservation practice (P) is taken as 1 for all the land
use classes.
3.2. Accuracy assessment
The accuracy status of DEMs is estimated using elevation data by
four indices, such as, root mean square error (RMSE) (Kundu et al.,
2014; Duhan and Pandey, 2015), normalized mean square error
(NMSE) (Duhan and Pandey, 2015), nash-sutcliffe coefﬁcientPlease cite this article in press as: Mondal, A., et al., Uncertainty of soil e
DEMs, Geoscience Frontiers (2016), http://dx.doi.org/10.1016/j.gsf.2016.03(NASH) (Nash and Sutcliffe, 1970; Duhan and Pandey, 2015) and
correlation coefﬁcient (CC) (Duhan and Pandey, 2015).
ð1Þ Root mean square error RMSE ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
N
XN
i¼1

yi  yi
^
2vuut
ð2Þ Normalized mean square error
NMSE ¼
1
N
PN
i¼1

yi  yi
^
2
ðSobsÞ2
ð3Þ Nash­Sutcliffe coefficient
NASH ¼ 1
1
N
PN
i¼1

yi  yi
^
2
1
N
PN
i¼1 ðyi  yiÞ2
ð4Þ Correlation coefficient
CC ¼
N
P
yi  y
^
i

 ðP yiÞ 
P
yi
^

ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ"
N
P
y2i 

y
^
i
2#

"
N
P
y2i 

y
^
i
2#vuut
Here, yi and y
^
i represent actual elevation and elevation from
DEMs respectively. N denotes the training and testing sample size.
A small value of the RMSE and NMSE indicates less discrepancy
between the observed and predicted series, thus provides betterrosion modelling using open source high resolution and aggregated
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Figure 5. Plot between actual height and DEMs height.
A. Mondal et al. / Geoscience Frontiers xxx (2016) 1e126prediction accuracy, while higher values of NASH and CC give better
accuracy.
4. Results and discussion
4.1. Accuracy of DEMs
Total 100 points for benchmark and spot height for elevation are
taken which are well distributed over the entire study area. Eleva-
tion of DEMs has been plotted with actual points by regression lines
(Fig. 5). The distribution of the points is found to be located close to
the regression line for three DEMs (SRTM, ASTER and CARTOSAT)
with the R2 values 0.96, 0.95 and 0.94 respectively. The probability
value is, p < 0.005 for Student’s t-test and is statistically signiﬁcant
(two-tailed) for all DEMs. Accuracy results are compared and areFigure 6. The accuracy assessment calculate
Please cite this article in press as: Mondal, A., et al., Uncertainty of soil e
DEMs, Geoscience Frontiers (2016), http://dx.doi.org/10.1016/j.gsf.2016.0shown in Fig. 6 by RMSE, NMSE, NASE and CC with different grid
spaces of DEMs. RMSE and NMSE values of SRTM are 13.31, 14.51,
and 18.19 m and 3.04, 3.32, and 4.25 m in 30, 150 and 330 m grid
space respectively, which show that with the coarser resolution, the
accuracy decreases. Similarly, in the CARTOSAT DEM, RMSE values
are 13.93, 16.14, and 19.05 m, while NMSE values are 3.30, 3.84, and
4.67 m respectively. RMSE and NMSE values of ASTER are observed
to be in between the values of SRTM and CARTOSAT. Therefore, the
RMSE and NMSE values of SRTM are less in the original and
aggregated DEMs than the ASTER and CARTOSAT indicating better
accuracy. NASH and CC values have decreased from 0.949 to 0.931
and 0.979 to 0.967 in SRTM and 0.943 to 0.93 and 0.971 to 0.964 in
CARTOSAT, while ASTER has shown 0.947 to 0.93 and 0.973 to 0.96
respectively. RMSE and NMSE values are decreasing and NASH and
CC values are increasing, when grid space is decreased for threed by 100 sample points from toposheet.
rosion modelling using open source high resolution and aggregated
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Figure 7. Spatial distribution map of (a) soil, (b) K factor, (c) C factor, (d) R factor.
A. Mondal et al. / Geoscience Frontiers xxx (2016) 1e12 7DEMs. It is indicated that the accuracy of DEMs is decreased when
the grid space of DEMs is increased from their actual grid size. But
SRTM DEM shows better accuracy among three DEMs, while ASTER
and CARTOSAT show low accuracy (Fig. 6).
4.2. Soil erosion
Rainfalls of eight rain gauge stations are taken to calculate the
rainfall erosivity (R) and are interpolated by Inverse Distance
Weighting (IDW) method to show spatial distribution. Four majorTable 2
Validation and compare of soil erosion.
DEMs Sedimentation (t yr1)
SRTM ASTER CARTOSAT
30 m 19,632,890 19,961,818 19,981,510
90 m 19,096,758 18,805,204 18,367,874
150 m 18,535,843 18,097,989 17,718,515
210 m 18,012,887 17,632,745 17,223,361
270 m 17,695,512 17,050,974 16,963,082
330 m 17,105,966 16,608,019 16,783,765
Please cite this article in press as: Mondal, A., et al., Uncertainty of soil e
DEMs, Geoscience Frontiers (2016), http://dx.doi.org/10.1016/j.gsf.2016.03types of soils are clay, clay loam, sandy clay loam and sandy loam,
where clay soil is covering a maximum area (72.72%) (Fig. 7a). Soil
erodibility (K) values are varying from 0.0198 to
0.0894 t ha h ha1 MJ1 mm1 (Fig. 7b). The cover management
factor (C) is generated using NDVI (Normalized Difference Vegeta-
tion Index) prepared from the satellite imagery. Ranges of C factor
vary from 0 to 0.87 in the study area (Fig. 7c). The R or rainfall
erosivity value is higher in the eastern part where rainfall is high
and it is gradually decreasing from east to west. Range of R values is
996 to 1529 MJ mm ha1 h1 yr1 (Fig. 7d). Topographic factor (LS)Change (%)
Observed SRTM ASTER CARTOSAT
19,039,076 3.12 4.85 4.95
0.30 1.23 3.53
2.64 4.94 6.94
5.39 7.39 9.54
7.06 10.44 10.90
10.15 12.77 11.85
rosion modelling using open source high resolution and aggregated
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generated from DEMs. The LS factor is the only changeable
parameter in the calculation of soil erosion. Variation in grid spaces
of DEMs is used for identifying the changes in the accuracy of soil
erosion.
4.3. Comparison of observed and modelled soil erosion
The percentages of change values of sediment yield with respect
to the observed are 3.12%, 4.85% and 4.95% of SRTM, ASTER and
CARTOSAT respectively, using their actual grid space (30 m) by
RUSLE model. Change rates of soil erosion (amount) are 0.30%,
2.64%, 5.39%, 7.06% and 10.15% using SRTM, 1.23%, 4.49%,
7.39%, 10.44% and 12.77% using ASTER, while 3.53%, 6.96%,
9.54%, 10.90% and 11.85% using CARTOSAT with respect to 30,
90, 150, 210, 270 and 330 m grid space respectively. Amount of soil
erosion is observed to decrease for all DEMs with the increasing
grid space size from the original (Table 2). The SRTM DEM shows
little better results compared to ASTER and CARTOSAT using
different grid spaces.
The mean elevation value increases from the actual value (30 m
grid space) with increasing grid space of DEMs. However, mean LS
factor decreases with the decrease of mean slope, when the gridFigure 8. Comparison of the various grid space in different DEMs for (a) mean el
Please cite this article in press as: Mondal, A., et al., Uncertainty of soil e
DEMs, Geoscience Frontiers (2016), http://dx.doi.org/10.1016/j.gsf.2016.0space of DEMs increases. Therefore, the erosion rate decreases due
to decrease in the LS factor values. Similarly, SRTM DEM estimates
low rate of soil erosion due to low mean elevation, slope and LS
values compared to ASTER and CARTOSAT (Fig. 8).
Estimated soil erosion maps are categorized into six classes (<5,
5e10,11e20, 21e40, 41e80 and>80 t ha1 yr1). The percentage of
area is maximum in <5 t ha1 yr1 category for three DEMs. The
affected area is observed to increase gradually due to aggregation
or increased grid space of all DEMs. The percentages of area for
SRTM, ASTER and CARTOSAT are 58.73%, 61.96% and 56.46%
respectively, when their original or actual grid space (30 m) is used,
while there are 75.07%, 74.88% and 75.93% areas respectively when
their grid space is 330 m (Fig. 9). Five other categories show a
decreased area with an increase in the size of the grid space. In the
category of 5e10 t ha1 yr1 of soil erosion, the affected area covers
13.97%,15.85% and 13.70% in 30 m grid space and 11.24%, 11.17% and
10.64% in 330 m grid space respectively in SRTM, ASTER and CAR-
TOSAT. Similarly, the affected areas are 11.08%, 10.59% and 11.06% in
30 m grid space and 6.64%, 6.77% and 6.32% in 330 m grid space in
11e20 t ha1 yr1 rate of soil erosion respectively in SRTM, ASTER
and CARTOSAT. In the category of 21e40 t ha1 yr1, areas
decreased from 7.62%, 6.29% and 8.05% to 3.87%, 3.87% and 3.77%
using 330m grid space in case of 30m SRTM, ASTER and CARTOSATevation, (b) mean slope, (c) mean LS factor and (d) mean rate of soil erosion.
rosion modelling using open source high resolution and aggregated
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A. Mondal et al. / Geoscience Frontiers xxx (2016) 1e12 9respectively. In the category of 41e80 and >80 t ha1 yr1 of soil
erosion, the areas show 4.66%, 3.30% and 5.38% and 3.94%, 2.17%
and 5.35% in 30 m grid space and 1.76%, 1.77% and 1.74% and 1.41%,
1.51% and 1.37% in 330 m grid space respectively in SRTM, ASTER
and CARTOSAT DEMs.
4.4. Spatial variation of soil erosion rate
The SRTM DEM with better accuracy is used for calculating
the rate of soil erosion with a different grid space. The soilFigure 9. Change of area in different category of soil erosion rate with grid space, (a) <5 t h
ha1 yr1 and (f) >80 t ha1 yr1.
Please cite this article in press as: Mondal, A., et al., Uncertainty of soil e
DEMs, Geoscience Frontiers (2016), http://dx.doi.org/10.1016/j.gsf.2016.03erosion rate is observed to be higher in the northern and
southern boundary area, where the elevation and slope are high.
On the eastern side, erosion rate is low (<5 t ha1 yr1) due to
low slopes. In the grid space of 30 m, little variation in erosion is
identiﬁed. Variation of erosion rate is generalized when the grid
space of DEM increases. It is more prominent in low slope areas
where variation is even less. Areas affected by higher erosion
rates in high resolution are observed to be affected by lower
erosion rates in the aggregated DEMs, which is because of
decreased slope and LS factor in aggregated DEMs, results in thea1 yr1, (b) 5e10 t ha1 yr1, (c) 11e20 t ha1 yr1, (d) 21e40 t ha1 yr1, (e) 41e80 t
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Figure 10. Soil erosion rate using different grid space of SRTM DEM.
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A. Mondal et al. / Geoscience Frontiers xxx (2016) 1e12 11more generalized pattern due to increased grid space. Therefore,
the area of higher category of erosion rates reduces when the
grid space of the DEM is high. Slight variation in the erosion rate
is clearly identiﬁed in the soil erosion map using actual grid
space of DEMs. Variation in erosion rate is observed to reduce
gradually using higher grid space of DEMs. Areas under a discrete
type of erosion rate are found to have transferred into
<5 t ha1 yr1 category using large grid space of DEMs (Fig. 10).
Similar studies with the SRTM and ASTER DEMs are carried out
by Lin et al. (2013), who considered DEM as an important
parameter for the models of environmental risk assessment and
also as signiﬁcant sources of uncertainty. Few previous studies
show impacts of different DEMs with original resolutions (Cho
and Lee, 2001; Di Luzio et al., 2005; Dixon and Earls, 2009),
but the comparison is within a few DEMs of different resolutions.
Mondal et al. (2016) used open source DEMs of different reso-
lution and ascertained their effects on soil erosion and reports
that ﬁne resolution SRTM 30 gives better results with less un-
certainty than others. In all the studies, there is a decreased ef-
fect with the coarser resolution, which is similar to the present
study. According to Lin et al. (2013), the ASTER DEM has not
performed better than the SRTM for various data sources,
although it has comparatively higher vertical accuracy and
smaller grid size, is consistent with the present study. In all these
studies, there is a decrease in the mean slope with coarser res-
olution. Study with DEM aggregation and use in the soil erosion
model USLE shows a gradual decrease in the erosion due to
increased grid size by Wu et al. (2005), similar to the results of
this study. However, only one DEM and its aggregation is used to
analyse its effects on soil erosion. The results discussed above
show the impact of the grid size of DEMs on the variation of
topography determined by LS factor, which is derived from DEM.5. Conclusion
The present study represents uncertainties of soil erosion
modelling by RUSLE using original and aggregated grid space of
SRTM, ASTER and CARTOSAT DEMs. The study shows a very
essential aspect in the soil erosion modelling, which can vary
spatially due to the difference in the elevation factor. The original,
high resolution (30 m) and increased grid space of open source
DEMs are used to show the uncertainty in soil erosion modelling.
The results indicate that the SRTM DEM performs better than the
ASTER and the CARTOSAT DEMs in assessing the accuracy. With the
increased resolution also, SRTM shows better performance. This
study is different from some of the recently published papers on
the effect of DEM resolution on accuracy of soil erosion modelling
(Liu et al., 2011; Lin et al., 2013). Sometimes, the grid space of the
DEM is converted to large grid space for a particular modelling to
obtain certain beneﬁts by the users, and theymight not be aware of
the uncertainty of grid space conversion for modelling. The current
study is an effort to illustrate and analyse uncertainties of the
model outputs to aware the researchers regarding the use of open
source DEMs. In case of the soil erosion modelling, ﬁner resolution
gives better results, while increased grid space gives a generalized
result. However, resampling to smaller grid size might prove better,
but that will also depend on the accuracy of the original grid size.
The researchers should know about the error of the model output
introduced by the original and increased grid space size of the DEM.
The results obtained in this study may vary in different study areas,
but DEMs with higher accuracy (LiDAR DEM, planimetric surveyPlease cite this article in press as: Mondal, A., et al., Uncertainty of soil e
DEMs, Geoscience Frontiers (2016), http://dx.doi.org/10.1016/j.gsf.2016.03DEM, aerial photo DEM) will give more accurate results and will
reduce the uncertainty.Acknowledgement
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